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Abstract
This paper focuses on examining the role spatial extent in capturing off- and on-network characteristics and developing 
macro-level intracity truck crash estimation models. A Geographic Information Systems (GIS) based method was developed 
to identify intracity truck crash zones, capture spatial data within 0.25-, 0.5- and 1-mile buffers for each selected zone, and 
examine relationships between demographic, socio-economic, land-use, and on-network characteristics and intracity truck 
crashes. Non-linear truck crash estimation models (Negative Binomial with log-link) were then developed using selected
independent variables that are not correlated to each other. The working of the method and development of models is
illustrated using 2008 data for the city of Charlotte, North Carolina located in the United States. Spatial characteristics
extracted using 0.5-mile buffer width was observed to provide more statistically meaningful results to model intracity truck 
crashes. They were found to be positively correlated to industrial areas and areas with large residential lots but negatively
correlated to densely populated areas. Zones with a median and inadequate turning radius seem to be more prone to intracity 
truck crashes. The method and findings from this research assists practitioners to proactively identify potential high risk areas,
to understand the role of various factors on intracity truck crashes, and to develop plans to enhance safety.
© 2013 The Authors. Published by Elsevier Ltd.
Selection and peer-review under responsibility of International Scientific Committee.
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1. Introduction
Freight transportation is vital for regional economic growth.  According to the 2007 Commodity Flow Survey, 
trucks move nearly 71% of all freight by value in the United States (Margreta et al., 2009). Furthermore, the
freight moved by trucks nationally is nearly 69% of all freight by weight and 40% by ton-miles (Margreta et al.,
2009). The truck traffic has significant potential in triggering crash occurrences on roads, mostly severe crashes.
Interstates often experience high percentage of truck trips. Despite this, only 24% of fatal truck crashes are
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observed on Interstates (NHTSA, 2006). On the other hand, 59% of fatal truck crashes occur on undivided 
highways that do not have controlled access and have signalized intersections. 
While intercity truck transportation has had its share of attention due to its significance on safety as well as 
rapid industrial growth, not many researchers focused on the effect of intracity truck transportation on road 
safety. The characteristics of intracity truck transportation and their impacts are different than intercity truck 
transportation. Accessibility and spatial extent to capture and extract demographic, socio-economic, and land-use 
characteristics are relatively important and related to intracity truck transportation. These aspects that define truck 
trip generation were not considered when modeling truck crashes in the past. 
The key objectives of this research, therefore, are: 1) to investigate the relation between intracity truck crash 
occurrences and various independent variables (off- and on-network characteristics), 2) to examine the role of 
spatial extent in extracting off-network characteristics, and, 3) to develop macro-level intracity truck crash 
estimation models. Findings from this research play a significant role in incorporating safety into the planning 
process and to adopt a proactive approach to make road transportation system more effective and efficient. 
2. Literature Review 
Spatially disaggregated safety analysis and models are anticipated to help in meeting the needs of region-level 
safety inspection. However, it is necessary to differentiate the exposure variables and risk factors between 
different regions and crash types so as to provide consistent results. Past research on truck safety mostly focused 
on intercity truck crashes or total truck crashes or related risk factors.  Hardly any studies are found explicitly on 
intracity truck crashes.  
Vavilikolanu (2008) performed a study in the State of Ohio, United States to develop appropriate estimation 
models that would analyze the effect of geometry, speed, and traffic volume on large truck crashes on two-lane 
rural vertical curves. Three crash estimation models were developed using Negative Binomial regression. These 
were then re-developed by using Bayesian approach so that the results obtained can be improved in the reduced 
models. Around 1,900 vertical curve segments with 200 large truck crashes from 2002 to 2006 were studied. The 
results were evaluated to correlate vertical curve variables, which were relevant to the large truck crashes. Their 
study found that low speed limit on crest curves and high speed limit on sag curves contributes to an increase in 
large truck crashes. 
Huang et al. (2010) developed a Bayesian spatial model to help account for county-level variations in crash 
risk in the State of Florida, United States by explicitly differentiating the variables related to daily vehicle miles 
travelled in population. The results obtained suggested that there is no major difference in safety effects of risk 
factors on all crashes and severe crashes. It was also observed that the counties with higher traffic density and 
population density along with a higher level of urbanization had a higher crash risk. The freeways are safer than 
arterials with respect to crash risk. Increased truck traffic volume was also observed to result in more severe 
crashes. 
While there are many crash estimation models that were developed to proactively deploy countermeasures and 
improve safety (Abbess et al., 1981; Poch and Mannering, 1996; Hauer et al., 1998; Ivan et al., 2000; Lyon et al., 
2003; Miaou and Lord, 2003; Oh et al, 2003; Pulugurtha and Sambhara, 2011; Pulugurtha and Nujjetty, 2012; 
Pulugurtha et al., 2013), no documented literature was found on studies to estimate intracity truck crashes or 
models based on the effect of off- and on-network characteristics on intracity truck crashes. 
3. Method 
The proposed research method includes the following steps. 
1. Define study area and identify intracity truck crash zones 
2. Extract off-network characteristics 
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3. Collect on-network characteristics 
4. Develop statistical models 
5. Validate models 
A brief description of each step is presented next. 
3.1. Define Study Areas and Identify Intracity Truck Crash Zones 
The study area was defined such that it represents different levels of road classes to avoid any possible 
discrepancies and biased results. Fifty-eight intracity truck crash zones were randomly identified in the study area 
to extract / collect data, develop models, and validate the models. 
Pulugurtha and Pasupuleti (2013) discuss the identification and ranking of intracity truck crash zones for 
prioritization and allocation of resources. The same intracity truck crash zones were used in this research. 
Each intracity truck crash zone was defined as links connecting two major intersections. The off- and on-
network characteristics of or along each intracity truck crash zone was also made sure to be similar in nature. 
3.2. Extract Off-network Characteristics 
In general, trips generated from or attracted to and crashes largely depend on demographic, socio-economic, 
and land-use characteristics. An increase in demographic and socio-economic characteristics such as population, 
employment, and other characteristics of a location/zone may increase truck traffic volume and crashes due to 
increased trips generated, attracted or both.  Commercial and industrial spaces typically attract relatively more 
truck traffic. Therefore, there is a need to consider these datasets in assessing the relationship between crashes 
and off-network characteristics, and in developing intracity truck crash estimation models to proactively plan and 
improve safety. 
In this step, features available in GIS were used to conduct spatial analysis and extract data from the spatial 
data layers for each selected intracity truck crash zone. To extract demographic and socio-economic 
characteristics, planning variables data was overlaid on 0.25-, 0.5- and 1-mile buffers generated around each 
selected intracity truck crash zone. The population, the number of household units, age, gender, total 
employment, etc. within each buffer were then computed for each intracity truck crash zone. Likewise, to extract 
specific land-use characteristics such as residential, commercial/retail, industrial etc. and use them in intracity 
truck crash estimation modeling, land-use coverage was also overlaid on 0.25-, 0.5-, and 1.0-mile buffers 
generated around each intracity truck crash zone. The areas of each land-use type within each buffer around each 
selected intracity truck crash zone were extracted to identify the land-use characteristics and their area that could 
have an effect on intracity truck crashes. 
The above outlined spatial overlay and data processing approach is same as the one adopted by Pulugurtha and 
Repaka (2008) and Pulugurtha and Sambhara (2011) to extract spatial data and develop trip or crash estimation 
models. Interested readers are encouraged to read these articles for detailed discussion about the approach. 
3.3. Collect On-network Characteristics 
Interstates and freeways are designed for vehicles to move at higher speeds. Crashes occurring on these 
sections of roadways are more likely to be severe injury or fatal during off-peak hours. Likewise, major and 
minor arterials with median, lower turning radius, and horizontal curves serve various levels of traffic and speeds 
and they influence the type and severity of an intracity truck crash to an extent. As traffic-related crashes largely 
depend on road functional class, speed limit, and other geometric conditions (such as the number of lanes, the 
number of driveways, the number of signalized intersections, the presence of median, and horizontal curves), 
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aerial photographs, spatial network databases maintained by local agencies and field visits were used to collect 
these on-network characteristics. 
3.4. Develop Statistical Models 
Miaou and Lum (1993) found that conventional linear regression models are not appropriate for modeling 
vehicle crash events on roadways. The inappropriateness of multiple linear regression models led the researchers 
to explore and use Poisson and Negative Binomial regression models to identify factors that affect large truck 
safety and provide information about high crash zones (Maycock and Hall, 1984). Generalized linear models 
(GLMs) based on Poisson, Negative Binomial or Gamma distribution may be more appropriate for modeling as 
crashes are counts. Shankar et al. (1998) found that the Negative Binomial model may be more appropriate as 
geometric and traffic variables are likely to have location-specific effects. The Negative Binomial model assumes 
that unobserved crash heterogeneity or variation across sites (intersections, road segments, etc.) is Gamma 
distributed, while crashes within sites are Poisson distributed (Washington, et al. 2003). 
This step focuses on developing intracity truck crash estimation models that provide insights on the degree to 
which one or more variables potentially have a positive or negative effect on intracity truck crashes. First, 
variables that are not correlated to each other were identified by testing multicollinearity between the independent 
variables. In general, two variables are said to be perfectly multicollinear if the Pearson correlation coefficient 
(strength of association or linear relationship) between the two independent variables is equal to 1 or -1. In 
general, the higher the absolute value, stronger is the relationship between the two independent variables. Highly 
correlated independent variables could produce significant overall probability values even when the variables do 
not have an effect on the dependent variable. Hence, it is recommended that the correlations among the 
independent variables considered for developing the models be in the range (-0.3, +0.3). 
Non-linear count models (Negative Binomial with log-link) were developed using the independent variables 
that were selected from the correlation matrices. The independent variables were screened based on their 
significance levels (P-values). The independent variables with a P-value greater than or equal to 0.05 were 
eliminated one after another (independent variable with the highest P-value was eliminated first) and the analysis 
was repeated. This process was repeated until all the independent variables in the model had a P-value less than 
0.05. This model was considered as the final model. 
Once the models are developed, the best model was selected by examining the goodness of fit statistics. For 
this purpose, SPSS® (2008) was used to compute the Deviance, Pearson Chi-Square, Log Likelihood and 
lower AIC value and the value of Deviance to degrees of freedom close to one is selected as the best model. 
3.5. Validate Models 
Data for eight randomly selected zones, not used in model development, were used to validate the generated 
models. The values for the independent variables are substituted into the model equation and compared to the 
actual crash counts. The percent difference in values of observed and estimated values for the eight zones was 
then calculated. In addition, the root mean square error, which measures the average of the square-root of the sum 
of the squares of the errors, was also computed and compared to validate and select the best model. 
4. Analysis and Discussion 
The city of Charlotte, North Carolina located in the United States was considered as the study area in this 
research. All data was obtained for the year 2008. Multiple years of truck crash data was not considered to 
maintain consistency with the year of availability of other datasets. 
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Demographic, socio-economic, land-use, and on-network characteristics for 50 randomly selected intracity 
truck crash zones were extracted / gathered / collected and used to develop intracity truck crash estimation 
models. Different buffer widths (spatial extents) were tested as idea spatial proximity to extract data is not 
known. 
The following independent variables were initially considered for analysis and model development in this 
research. 
 
Demographic and socio-economic characteristics 
Population 
Population in family households 
Median age 
Median age males 
Median age females 
Auto-ownership 
Average household income 
Unemployment rate 
Population in labor force 
 
Land-use characteristics 
0.25 to 0.5 acre residential 
0.25 acre residential / apartments 
0.5 to 2 acres residential 








Number of lanes 
Number of driveways 
Number of signalized intersections 
Presence of median 
Number of horizontal curvatures 
Zone length 
Average annual daily traffic (AADT) 
 
As stated previously, to observe the effect of spatial extent in capturing data and developing models, 0.25-, 
0.5- and 1-mile buffer widths were used to extract off-network characteristics data. Correlation matrices were 
developed using SPSS® (2008) to evaluate the strength of correlation between the independent variables for data 
based on all the three buffer widths. 
As an example, Table 1 summarizes the correlation matrix developed using 0.5-mile buffer width dataset. The 
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Table 1. Correlation matrix - 0.5-mile buffer 
 
 
Note: R1 = 0.25 to 0.5 acre residential, R2 = 0.25 acre residential / apartments, R3 = 0.5 to 2 acres residential, R4 
= >2 acres residential, HC = Heavy commercial, HI = Heavy industrial, I = Institutional, LC = Light commercial, 
LI = Light industrial, POP = Population, VPH = auto-ownership,  AHHI = Average household income, UNEMR 
= Unemployment rate, LBF = Population in labor force, Lanes = # of lanes, Driveways = # of driveways, Signals 
= # of signalized intersections, Median = Presence of a median, Horiz Curv = # of horizontal curvatures, Zone 
Length = length of the zone; AADT = average annual daily traffic. 
 
Table 2 summarizes the independent variables that are not correlated to each other and were selected to 
develop intracity truck crash estimation models using each buffer width dataset. A comparison of the independent 
variables in the table indicates that land-use variables (in particular, residential characteristics) seem to play a 
vital role when a 0.25-mile buffer width is used. As buffer width increases, on-network characteristics seem to 
play a relatively higher role while the possible effect of land-use characteristics seem to diminish. However, these 
differences seem to be more marginal in terms of selected variables to explain intracity truck crash counts. 
Crash estimation models were developed considering the final set of variables identified from the correlation 
matrices using SPSS® (2008). Negative Binomial models were developed as data was observed to be over-
dispersed (i.e., variance is greater than the mean). Table 3 summarizes model outputs using 0.25-, 0.5-mile and 1-
mile buffer width datasets. The P-values for all the variables shown in the table are less than 0.05.  
From the table, it can be observed that 0.25 to 0.5 acres residential, 0.5 acres residential, light industrial, heavy 
industrial, and the presence of a median have a positive influence on intracity truck crashes implying that an 
increase in the number or quantity of these variables could result in an increase in the number of intracity truck 
crashes. An increase in industrial area resulting in an increase in intracity truck crash counts makes logical sense 
as industrial spaces attract more number of truck trips and can have a relatively higher effect on truck trips, hence 
intracity truck crashes. The positive effect because of the presence of a median on intracity truck crashes could be 
due to limited turning radius along lower functional class urban roads (with relatively low design standards). 
Independent variables such as 0.25 acre residential / apartments and institution areas have a negative effect on 
intracity truck crash counts (as these variables increase the number of truck crashes decrease or vice versa). This 
finding is reasonable as these areas generally generate or attract a relatively fewer number of truck trips. 
High commercial area was observed to have a negative effect on the intracity truck crashes. In general, this is 
counter-intuitive as commercial areas influence truck trips and hence intracity truck crashes. However, it should 
be noted that roads along high commercial areas have relatively better design features that can accommodate 
truck traffic (hence, could be safer from truck safety perspective). 
Variable R1 R2 R3 R4 HC HI I LC LI POP POPFAM AGEMED AGEMEDM AGEMEDF VPH AHHI LBF UNEMR Lanes Driveways Signals Median Horiz Curv Zone Length AADT
R1 1.00
R2 0.10 1.00
R3 0.29 -0.11 1.00
R4 -0.40 -0.39 -0.04 1.00
HC -0.22 -0.04 -0.39 -0.01 1.00
HI -0.04 -0.21 -0.05 -0.10 -0.23 1.00
I 0.08 0.12 -0.26 -0.02 0.14 -0.33 1.00
LC 0.25 0.25 -0.16 -0.05 0.00 -0.11 -0.03 1.00
LI 0.24 -0.08 -0.22 0.05 -0.09 0.22 -0.22 0.19 1.00
POP 0.61 0.48 0.11 -0.25 0.07 -0.15 0.11 0.41 -0.02 1.00
VPH 0.56 0.49 0.25 -0.21 -0.08 -0.20 0.01 0.40 -0.10 0.90 0.87 0.48 0.48 0.48 1.00
AHHI 0.54 0.22 0.31 -0.39 -0.09 -0.13 0.13 0.19 0.20 0.45 0.39 0.77 0.79 0.76 0.51 1.00
LBF 0.30 0.10 -0.24 -0.25 0.13 0.16 0.36 0.20 0.26 0.35 0.26 0.79 0.80 0.79 0.06 0.43 1.00
UNEMR 0.52 0.52 0.05 -0.23 0.09 -0.19 0.12 0.45 -0.06 0.98 0.86 0.58 0.57 0.59 0.91 0.42 0.28 1.00
Lanes 0.20 0.25 0.08 -0.07 -0.05 -0.17 0.07 0.13 -0.05 0.38 0.39 0.29 0.29 0.29 0.26 0.12 0.22 0.36 1.00
Driveways 0.48 -0.03 0.54 -0.27 -0.32 -0.14 0.02 -0.07 -0.02 0.23 0.29 0.39 0.40 0.38 0.30 0.71 0.10 0.18 -0.09 1.00
Signals 0.12 0.04 -0.07 0.20 0.25 0.12 -0.13 0.59 0.28 0.46 0.30 0.28 0.26 0.30 0.41 0.19 0.20 0.47 -0.02 -0.05 1.00
Median 0.34 0.06 0.21 0.23 -0.52 0.15 -0.10 0.17 0.08 0.19 0.35 -0.03 -0.04 -0.04 0.23 -0.02 -0.11 0.16 0.28 0.13 0.11 1.00
Horiz Curv -0.08 -0.15 0.19 0.55 -0.25 0.14 -0.20 0.26 -0.01 0.14 0.19 -0.15 -0.14 -0.15 0.25 -0.08 -0.14 0.17 -0.01 -0.02 0.33 0.24 1.00
Zone Length 0.38 -0.02 0.29 0.36 -0.19 0.23 -0.20 0.50 0.22 0.51 0.59 0.17 0.17 0.17 0.57 0.12 0.03 0.49 0.14 0.06 0.59 0.46 0.71 1.00
AADT 0.07 -0.22 0.10 0.35 0.25 0.11 -0.16 0.28 0.20 0.19 0.15 -0.04 -0.05 -0.02 0.16 -0.11 -0.07 0.19 0.26 -0.16 0.49 0.09 0.53 0.61 1.00
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Table 2. Selected independent variables by buffer width dataset 
0.25-mile 0.5-mile 1-mile
0.25- - 0.5-acre residential 0.25- - 0.5-acre residential 0.25- - 0.5-acre residential
0.25-acre residential/apartments 0.25-acre residential/apartments 0.5- - 2-acre residential
0.5- - 2-acre residential 0.5- - 2-acre residential Heavy industrial
Light commercial Light commercial # of lanes
Heavy commercial Light industrial Presence of median
Institution Heavy industrial AADT




The final models developed using 0.25-, 0.5- and 1-mile buffer width datasets are: 
 
Log (# Truck Crashes0.25-mile) = 3.639 
+ 0.002 * 0.25 to 0.5 acre residential area within 0.25-mile buffer 
 0.005 * Heavy commercial area within 0.25-mile buffer 
 0.025 * Institution area within 0.25-mile buffer 
Log (# Truck Crashes0.5-mile) = 3.232 
 0.003 * 0.25 acre residential / apartments area within 0.5-mile buffer 
+ 0.002 * 0.5 to 2 acre residential area within 0.5-mile buffer 
+ 0.002 * Light industrial area within 0.5-mile buffer 
 
Log (# Truck Crashes1-mile) = 2.827 
+ 0.001 * Heavy industrial area within 1-mile buffer 
+ 0.424 * Presence of a median 
 
-Square, Log Likelihood and AIC 
statistics were computed and compared to select the best model among the models generated. These parameters 
are also shown in Table 3 for each model. The Deviance to Degrees of Freedom was observed to be reasonably 
close to one for models developed using data for all the three buffer width datasets. The AIC was observed to be 
the lowest for 0.25-mile buffer width dataset. However, the overall model for 0.25-mile buffer width was not 
statistically significant. Also, the signs for coefficients of variables are not meaningful (counter-intuitive). Hence, 
the Negative Binomial model based on 0.5-mile buffer width dataset was considered as the best model based on 
statistical parameters to estimate intracity truck crashes. 
5. Validation - Results 
Models were validated by substituting data for eight randomly selected crash zones that were not used for 
model development. Models selected were validated by substituting relevant values in the mathematical models / 
equations that were developed for each buffer width dataset and compared to the actual intracity truck crash 
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Table 3. Summary of model parameters 
Dataset (Buffer width)
Statistical parameter Coeff. P-value Coeff. P-value Coeff. P-value
Intercept 3.639 <0.01 3.232 <0.01 2.827 <0.01
0.25 to 0.5 acre residential 0.002 <0.01
0.25 acre residential/apartments -0.003 <0.01
0.5 to 2 acre residential 0.002 0.04
Heavy commercial -0.005 <0.01
Light industrial 0.002 0.02
Heavy industrial 0.001 0.01
Institution -0.025 <0.01
Presence of median 0.424 0.03
Deviance / Degrees of Freedom
Pearson Chi-Square
Log Likelihood













Table 4 summarizes results obtained from model validation. The difference between the estimated number of 
intracity truck crashes and actual intracity truck crash counts was observed to range between ~-28 percent to 
~158 percent for the model based on 0.25-mile buffer width dataset. The percent difference varied from ~-8 
percent to ~5 percent for the model based on 0.5-mile buffer width dataset, while it varied between ~-16 percent 
and ~24 percent for the model based on 1.0-mile buffer width dataset. 
The computed root mean squared error was found to be the lowest (1.7) for the model based on 0.5-mile 
buffer width dataset and highest (24.25) for the model based on the 0.25-mile buffer width dataset. Therefore, the 
results from validation also indicate that the model based on 0.5-mile buffer width dataset would yield the best 
results i.e., relatively closer to real-world observations.  
 
Table 4. Validation of models  results 
Est. # of truck 
crashes








1 2.0 2.1 5.9 1.8 -8.0 1.7 -16.7
2 3.2 4.4 39.1 3.3 3.0 3.9 24.6
3 2.3 1.6 -32.3 2.3 0.0 2.1 -8.6
4 4.2 5.9 40.5 4.1 -1.0 4.6 9.4
5 3.6 6.2 71.6 3.3 -8.6 4.4 23.4
6 2.8 7.3 158.6 2.9 4.1 3.3 15.0
7 1.6 2.4 47.7 1.6 -3.0 1.8 9.4
8 1.8 1.3 -28.8 1.8 1.0 2.0 10.5
Average 37.8 -1.6 8.4
Root mean squared error 24.2458 1.65 5.6174
ID
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6. Conclusions 
Demographic, socio-economic, land-use, and on-network characteristics were used as independent variables to 
develop intracity truck crash estimation models. Spatial data was extracted using 0.25-, 0.5- and 1-mile buffer 
widths to examine the role of spatial extent in capturing demographic, socio-economic, and land-use data for 
developing these models. 
Based on the goodness of fit tests, it was observed that the model obtained using 0.5-mile buffer width is the 
best model when compared to other buffer width dataset models. The results obtained were also supported by 
findings from validation of the developed models. 
Results obtained indicate that the presence of industrial areas and areas with large residential lots along a zone 
or link increase intracity truck crashes while the presence of densely populated areas has a reverse effect on 
intracity truck crashes. Zones or links with a median and inadequate turning radius seem to be more prone to 
intracity truck crashes. 
The methods proposed in this research are easy to adopt and can be applied universally to urban settings of 
any size and level. The method and models developed can be proactively used to estimate intracity truck crashes, 
incorporate them into the planning process, and enhance safety. While not many changes can be made towards 
socio-economic and demographic characteristics, land-use regulations and altering on-network (design) 
characteristics can be promoted by transportation agencies to ensure better safety with regard to intracity truck 
crashes. 
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